Mathematical and computational models are of great help to study and predict phenomena associated with cancer growth and development. These models may lead to introduce new therapies or improve current treatments by discovering facts that may not be easily discovered in clinical experiments. Here, a new two-dimensional (2D) stochastic agent-based model is presented for the spatiotemporal study of avascular tumor growth based on the effect of the immune system. The simple decision-making rules of updating the states of each agent depend not only on its intrinsic properties but also on its environment. Tumor cells can interact with both normal and immune cells in their Moore neighborhood. The effect of hypoxia has been checked off by considering non-mutant proliferative tumor cells beside mutant ones. The recruitment of immune cells after facing a mass of tumor is also considered. Results of the simulations are presented before and after the appearance of immune cells in the studied tissue. The growth fraction and necrotic fraction are used as output parameters along with a 2D graphical growth presentation. Finally, the effect of input parameters on the output parameters generated by the model is discussed. The model is then validated by an in vivo study published in medical articles. The results show a multi-spherical tumor growth before the immune system strongly involved in competition with tumor cells. Besides, considering the immune system in the model shows more compatibility with biological facts. The effect of the microenvironment on the proliferation of cancer and immune cells is also studied.
Introduction
Cancer research has received a surge of interest in recent decades. Computational or in silico modeling and the simulation of cancer growth and development play an important role in both experimental and clinical researches. 1 These models have become popular since they can prevent timeconsuming and costly in vivo experiments.
Solid tumors are known to progress through three distinct phases of growth: the avascular phase, the vascular phase, and the metastatic phase. 2 In fact, a tumor always grows from a small number of malignant proliferative cells and goes through an initial avascular (without blood vessels) stage of growth. It has to develop its own blood supply to grow larger and more quickly. The process of inducing the formation of new blood vessels toward the tumor through secreting vessel chemoattractants by starving cells is called angiogenesis. 3 When a tumor is able to induce angiogenesis, it can become vascularized. Researchers often concentrate their efforts on each of these stages to answer specific questions. In this paper, we have focused on modeling the avascular tumor growth, that is, the tumor without any blood vessel.
Moreover, cancer is a complex disease 4 that involves multi-spatiotemporal interaction at both molecular and cellular levels. The interactions between the tumor cells and their microenvironment 5 that may lead to metastasis and tissue invasion, and also tumor-immune interactions during tumor progression, are examples of tumor complexity. Building models of complex biological processes needs an iterative procedure that considers relevant biological details. 4 On the other hand, our understanding of tumor growth mechanisms is limited due to the extremely complex nature of the biological systems underlying the tumor behavior. Therefore, developing realistic models (mathematical, computational, or both) is a tough task. 6 Complex biological systems and processes like cancer do not obey deterministic laws. With the same outputs and of comparable complexity, stochastic models can account for a larger part of the observed variation of model outputs than deterministic models. Mutations cannot deterministically be modeled in certain genes, since they are randomly occurring at discrete events. Besides, the natural history of cancer and its responses to therapy are stochastic processes. 7 Hence, it is decided to use a stochastic model rather than a deterministic one in this study.
Regardless of being deterministic or stochastic, tumor growth models can be categorized into two general categories of continuous and discrete models, from a certain point of view. There is a third category called hybrid models, which combines the strengths of both discrete and continuous approaches. Continuous models are based on ordinary or partial differential equations (PDEs) and can describe the growth phenomenon. Ordinary differential equations (ODEs), used to study the growth of tumor cell populations, often lead to a conclusion of Gompertzian growth, 8 which is given by Equation (1):
where V 0 is the tumor volume at time t = 0, and A and B are constant parameters that can be fitted to comply with experimental data. 9 However, real tumors always possess much more complex morphology. Besides, Gompertzian growth models are very limited since they cannot elucidate the underlying ''microscopic'' mechanisms of tumors. 9 Moreover, they cannot simulate and predict the effect of chemicals on tumor morphology. PDE models capture more complexity than ODE models. Using cell densities and nutrient concentrations as state variables, PDE models can be used to analyze various spatiotemporal phenomena. 8 However, in some situations, individual and agent-based modeling (ABM) approaches, which treat cells as discrete objects with predefined rules of interaction, may offer an improvement over differential equation methods. 8 The ABM approach provides a natural description of a system as a form of computational science. ABM agents interact with and affect each other, consider individual decisions, learn from their experiences, and adapt their behaviors. Therefore, they are better suited to their environment. The ABM approach captures emergent phenomena. The whole system in emergent phenomena is truly greater than the sum of its parts, and because of the interactions between the parts, it cannot be reduced to its parts. Thus, the natural modularization follows boundaries among individuals, whereas it often crosses these boundaries in equationbased models. ABM is a flexible, easy to implement, low cost, and time-saving approach. 10 However, the most important feature of ABM is its ability to deal with emergent phenomena.
In tumor growth modeling, it is important to characterize the model as simply and comprehensively as possible by considering the influence of necessary experimental or clinical details on tumor growth. Cancer progression involves events that occur at multiple time and spatial scales, the former ranging from seconds for microscopic cell interactions to months or years for macroscopic cell population level, and the latter ranging from the molecular level to the tissue level. Multi-scale models that link different spatial and temporal scales 11 have been widely applied in quantitative cancer researches over recent years. 12 The agent-based model that is proposed in the present study is one of the traditional methods in the multi-scale modeling of tumor growth.
The tumor growth described in this paper is restricted to the avascular stage where the cells receive nutrients and oxygen from existing blood vasculature. Avascular tumors can grow until the lack of nutrient and oxygen limits their development. One of the reasons to model avascular tumor growth is to develop and validate a foundational model in order to predict the behavior of the tumor in its early stages before tackling the more complicated vascularized stages of growth and metastatic behaviors. Besides, undetectable metastases after surgically removing the primary tumor can be modeled as early stage tumors. Therefore, it can be predicted whether the patient will need additional postoperative therapy. 13 Moreover, we believe it is important to focus on avascular tumor growth before the more complicated vascularized stages of growth, since biologists and immunologists have a limited understanding of the interactions between individual tumor cells and tumor-immune cells.
The idea that the immune system could employ innate and adaptive immune responses to eliminate the microbial pathogens and aberrant cancer cells by scanning the body is not new. 14 The tumor microenvironment consists of the innate immune (dendritic and natural killer) cells and adaptive ones (T and B lymphocytes). 15 These diverse cells communicate with each other by means of direct contact or cytokine and chemokine production, and act in autocrine and paracrine manners to control and shape tumor growth. 15 The most frequently found immune cells within the tumor microenvironment are Tumor-associated Macrophages (TAMs) and T cells. 16 As we mentioned, the immune system may help to fight cancer. For instance, cytotoxic T cells kill tumor cells by programming them to undergo apoptosis. 17 Hence, this study concentrates on the searching process of immune cells for tumor cells, and the tumor-immune cell interactions.
Review of previous models
Over the past decades, scientists have shown significant interest in the mathematical modeling of tumor growth and the dynamics of the immune system. 13 Since biochemical activities have been often observed in biological systems (for example, the metabolic activity necessary for cellular growth and survival), biological systems can be modeled as systems with a set of chemical reaction processes. Therefore, the mathematical analysis used in the development of chemistry can be applied as a powerful tool in biological models. 4 One of the first attempts to achieve a model of solid tumor growth was a simple model proposed by Burton 18 introducing the diffusion and nutrient concentration limit on tumor growth. Since then, different models including lots of large systems of differential equations have been suggested based on their special goal of modeling and the amount of detail used. An innovative model presented by Kansal et al. 19 in 2000 using cellular automata to express the growth of Glioblastoma multiforme (GBM)-the most malignant brain tumor-was another important effort in the modeling of tumor growth, which was later developed by Torquato. 9 This avascular tumor growth has shown that macroscopic tumor behavior can be affected by microscopic parameters.
Another valuable attempt in modeling cancer growth was reported by Abbott. 20 CancerSim, a three-dimensional agent-based model, implemented tumor growth simulation from the perspective of intracellular dynamics based on Hanahan and Weinberg's 21 hallmarks of cancer (representing the failures needed within a cell to become a cancerous cell).
Mathematical and computational models of avascular tumor growth, 2,22 angiogenesis, 23,24 vascular tumor growth, 25 invasion, 22, 26 the effect of microenvironmental factors on tumor growth, 27, 28 and treatment 29 have been reviewed from many aspects and viewpoints. In addition, a brief review of mathematical models, including a history of each of model, can be found in an article written by Araujo and McElwain. 30 Moreover, Byrne et al., 31 Chaplain, 32 Hatzikirou et al., 33 Materi, 4 and Rejniak and Anderson 34 separately reviewed mathematical and computational models of tumor growth or invasion.
Merrill 35 described the kinetics of the cellular immune response mathematically. There are also a number of models studying the interaction between the immune system and tumor growth. An overview of these models can be found in Eikenberry et al.'s paper. 36 Most of these models are deterministic, and comprised of ODEs 37 or PDEs. 38 A comprehensive review of the tumor-immune system models is given by Adam and Bellomo 39 and Wilkie. 40 A brief review of non-spatial mathematical models of tumor growth-immune system interaction was recently studied by Eftimie 41 as well.
Olsen and Siegelmann 42 proposed a new discrete agentbased approach to model tumor angiogenesis. However, the strategy we employed to describe the tumor growth is quite different. Considering the role of the immune system in tumor growth progression and in the fight against tumor cells, our proposed model simply includes cellular and tissue levels of representation, while Olsen and Siegelmann's model includes cellular, tissue, and molecular levels. Our model is also different from the hybrid cellular automata-PDE approach, another technique that can be used in such research, which was employed by Mallet and De Pillis 13 to describe tumor-immune system interaction next to a nutrient source by using biological cell metabolism rules.
None of the above models consider how the microenvironment affects the proliferation of cancer cells, and how cancer cells affect the rest of the system, especially in the recruitment of immune cells. However, we have considered the effect of the microenvironment on the proliferation of tumor cells and the recruitment of immune cells by using a spatial representation of cells, as it is more similar to the original biological system. Moreover, unlike the other spatiotemporal models mentioned above, our proposed model allows the consideration of individual cell behavior and associated randomness, rather than applying a general rule to a collection of cells.
Method
The proposed model is based on four fundamental properties: biological concepts and assumptions, physical structure, various modes, and updating rules.
Biological concept
In this study, it is assumed that the tumor growth process starts from a small number of abnormal cells 43 and continues to grow as a multicellular spheroid (MTS). In a MTS structure, as the tumor grows, it becomes more difficult for the core or center of the spheroid to reach the nutrients, since the outer cells tend to consume these nutrients first. 9, 19 Therefore, cells close to the core (middle layer cells) can become so deficient that they lose their ability to be proliferating and enter the quiescent stage. Quiescent (non-proliferative) cells are still alive, and can be recovered with accessing sufficient nutrients. 19 In addition, the inner core is formed as a mass of dead cells that do not digest and dissolve, known as a necrotic core due to insufficient nutrients. Eventually, the outer core consists of active tumor cells (proliferating). 19 Only this type of tumor cell has the capability to replicate and participate in mitosis. Therefore, a typical MTS ( Figure 1 ) consists of an outer shell of proliferating cells, an inner layer of quiescent cells that are dormant but viable, and a central core of necrotic material. 19 It should be mentioned that consistent colors are used in the results. Proliferating tumor cells, non-proliferative tumor cells, necrotic entities, and normal cells are depicted in light-blue (medium gray), light-red (light gray), dark-red (dark gray), and dark-blue (black), respectively.
Physical structure and various states
The proposed model is a two-dimensional (2D; n-cell 3 n-cell) square network, filled with two types of agents: immune or non-immune cells placed at the (i,j) coordinate system where 0 \ i,j \ n-cell. The agents have some possible modes, which are tabulated in Table 1. 1. Agent NIC (Non-immune Cells) can have four modes: 0-normal (N); 1-proliferative cancer (PT); 2-non-proliferative cancer (NT); 3-necrotic (Ne). Besides, empty places in the studied tissue are shown by agent NIC in mode 0. This agent can proliferate and affect its neighboring cells in mode 1.
Agent IC (Immune killer Cells or I-cells), includ-
ing Natural Killer (NK) cells and Cytotoxic T Lymphocyte (CTL) cells, has two modes: 0-NK cells, which are supposed to die immediately after a collision with cancer cells; and 1-CTL cells, which are supposed to die after the maximum n-times, where n is a random number.
CTL and NK cells have the same functions. However, the main difference between them is that CTL cells identify specific antigens, while NK cells are major components of the innate immune response to the disease and they often lack antigen-specific cell surface receptors. Agent IC can move randomly in the tissue, by substituting for agent NIC in state 0. In addition, they can recruit new agent IC as a function of the number of successes in defeating agent NIC in state 1, that is, the future number of newborn agent IC depends on the ability of agent NIC in killing PT cells from the current iteration. The model includes two sets of updating rules in cellular level of biological system: two sets of the transition rules for an agent in one group of agents (either agent IC or agent NIC), and a set of the decision mechanisms of the interactions between different types of agents. It should be noted that a group is a collection of agents of the same type. In other words, the agents' actions and interactions can be classified into the immune cells' movements toward tumor cells, mitosis of PT cells, and competition between populations of cells including healthy, tumor, and immune cells. In addition, two types of interactions, namely the interactions between tumor cells and normal cells, and the interactions between tumor-immune cells are considered in this model.
The transition rules of this model are probabilistic. Moreover, nutrient distribution is supposed to be uniformly distributed in the lattice. The nutrient deficiency is considered by the lack of free space within a certain distance of a cell. Therefore, a PT cell (agent NIC in mode 1) can only divide with related probabilities (Equation (2)) into two daughter cells where there is an empty space within a specific distance of it to put its second daughter cell, while the first daughter cell will replace its parents' position.
Updating rules
2.3.1 Rules related to agent NIC. Internal interaction between different types of cells in agent NIC leads to introducing the tumor growth and evolution rules. These rules will change the mode of the agent, and the competition between normal cells and proliferating tumor cells for nutrients, which is shown by free spaces in the lattice. Figure 1 . The three layers of the spherical structure of a solid tumor growth. The light-blue (medium gray) outer region is comprised of proliferating cells, the light-red (light gray) region is non-proliferative cells, and the dark-red (dark gray) region is necrotic cells. Table 1 . Summary of the two agents and their possible modes.
Agent Brief description Modes

NIC Non-immune cells Normal cells (N) Proliferative cancer cells (PT) Non-proliferative cancer cells (NT) Necrotic cells (Ne) IC Immune cells Natural killer cells (NK) Cytotoxic T lymphocyte cells (CTL)
Each agent NIC in mode 1 (PT cell) can proliferate with probability r_p as a function of time and space. Here, we suppose two types of PT cells. Type 1 (mutant PT cell) does not consider the impact of the microenvironment on tumor growth, while the division of type 2 (non-mutant PT cell) is a function of the number of agent NICs in mode 0 (normal cells) surrounding the PT cell. Therefore, when there are more healthy cells around a non-mutant PT cell, the probability of division of that PT cell is greater due to accessing sufficient nutrients or oxygen. Non-mutant PT cells can help us consider a well-known phenomenon, such as hypoxia, in the tissue. In fact, the smaller the number of any type of PT cells around a non-mutant PT cell, the less oxygen is consumed and therefore the more probable it is that the cell proliferates:
An additional parameter of maximum external radius (R max ) is introduced to assure that the results of the model fit the Gompertz curve. Therefore, the dynamics of the model is considered such that the division probability in the radii greater than R max is zero. This shows the dynamic pressure effects of the environment on the tumor growth. Thus, the tumor growth will stop in this radius due to the lack of nutrients. 9, 19 The probabilities p1 and p2 can be expressed by Equation (3):
where p 0 and u 0 are the base probabilities of the division of mutant and non-mutant PT cells, respectively, and r reflects the distance of each dividing cell from the center of the lattice. At each time step, if the mode of an agent NIC is 1 (a PT cell of any type), the agent is checked to see if it can be divided. In this case, there should be an empty place. If there is at least one agent NIC in mode 0 in its neighborhood, the PT cell will choose that agent with the probability r1 and then it will divide. Thus, one of the daughter cells will remain in the same position as the parent. The other daughter will place in that empty or normal neighbor, and the mode of that agent (NIC in mode 0) will change to 1. If the PT cell cannot find any agent NIC in mode 0 (an empty place or a normal cell) in its neighborhood to put the second daughter cell in or if it cannot proliferate with probability r_p within a specific distance (d p , i.e., the thickness of PT cells) from the tumor's edge, it would stay as a PT cell up to a certain time (as a function of the number of time steps). Therefore, each PT cell has an age counter that is incremented at every time step. After a mitosis, the age counter of daughter cells reset to zero. Besides, after reaching a certain time, named ''age threshold,'' of the PT cell, the PT cell can change to an NT cell, which is an unstable and intermediate state. In other words, the mode of the agent NIC will change from 1 to 2. The PT cell will turn to an NT cell when it is at a distance greater than d p , which is a certain distance from the tumor's edge.
The NT cell (mode 2) will then turn to a necrotic cell (mode 3) at a distance greater than d n + d p from the tumor's edge due to the lack of nutrition in the next time step. However, if the NT cell is within a specific distance d p of the average tumor radius, it will turn to a PT cell (mode 1) due to accessing sufficient nutrient. The Ne cells accumulate in the inner part of the tumor and are formed as a mass of dead cells. The mode of Ne cells will never change to any other modes. Besides, they will not dissolve following their encounter with an agent IC (immune cell).
Considering the assumption that as the tumor grows, it will shape as a multi-cell spheroid, the radius of the necrotic region (R n ) and the value of the thickness of PT cells (d p ) are obtained using Equation (4) 9,19 :
where a and b are constant parameters that reflect nutritional needs for tumor growth. R n is a function of the time step and R t is the average tumor radius calculated by obtaining the external edge of the tumor. In summary, the mode of an agent NIC is eventually checked. The mentioned rules are followed in any mode rather than 0. In mode 1, a PT cell can divide with probability r_p regardless of its type. Therefore, the randomly chosen healthy cell (mode 0) will change to a newborn PT cell in the Moore neighborhood of that PT cell. Besides, the primary PT cell will preserve its mode. Otherwise, it will change to an NT cell (mode 2) after a number of time steps. If the distance of an NT cell is greater than d n + d p from the tumor's edge, the mode will turn to a necrotic cell due to the lack of nutrition. Hence, the mode of the agent NIC will change to 3. Figure 2 shows a flowchart of changing the modes of components of the agent NIC.
Rules related to agent IC.
In order to discuss the interactions between two agents (tumor-immune interactions), it is supposed that tumor cells release signals 13 that can be detected by immune cells via specific receptors. Then, the immune cells move toward the center of the tumor because we have assumed that debris from dead tumor cells may help the immune system recognize its target. In this study, the movement of immune cells toward the tumor (the average density of the tumor in the studied tissue per volume) is modeled. For greater simplicity, the process of propagation of the released signal by the tumor cells and its receipt by immune cells is ignored. Thus, we hypothesized that the immune cells enter from one corner of the lattice to the studied tissue. These cells can freely move to the center of the tumor with probability r_walk, which is obtained from Equation (5):
where k is a damping constant considered as the ratio of the number of immune cells to the total number of cells in the lattice. nT, ncell 2 , and nPT are the total number of tumor cells, total number of cells in the lattice, and the total number of PT cells, respectively.
The advantage of the possibility of immune cells walking in Equation (5) is that this type of initial biased random walk followed by an unbiased random walk increases the speed of movement of immune cells at the start of tumor growth where tumor cells are more proliferative than necrotic, that is, the ratio nPT/nT is obviously greater than the ratio nT/ncell 2 . Once the immune cells are close enough to the PT cells, they can move randomly (unbiased random walk) in any direction to fight with tumor cells. Since the tumor grows quickly, some cells do not get enough nutrients and become necrotic. Therefore, in this case, the ratio nT/ncell 2 plays a fundamental role in the random movement of immune cells.
When an agent IC meets an agent NIC in mode 1 (a PT cell), one of the following situations will happen. (6)) and its state (mode) will change to an unstable state. Then, this unstable state will change to 0.
Anti-tumor state: a PT cell may die because of cytotoxic T cells (CTLs) with probability r_I (Equation
Here, K0 is the tumor death constant while nI1 and nPT1 are the numbers of immune and tumor cells in the neighborhood of the related cell. In other words, the agent IC will replace agent NIC in mode 1 with probability K0, while agent NIC disappears. If there is more than one agent NIC in the nearest neighborhood of agent IC in mode 1 (CTL), the same procedure will happen for each of the PT cells, and agent IC in mode 1 will replace one of them randomly. However, if the mode of agent IC is 0, one PT cell will be first chosen randomly and the transition rule will apply to it:
2. Neutral state: the PT cell will survive and remain in its previous state. The immune cell in any state will continue its search to find another PT cell.
Pro-tumor state: immune cells will fail in killing
PT cells and die with probability r_t (Equation (7)). In this case, the cancer cell will survive and the immune cell will switch to become an empty space or N cell, that is, the mode of agent NIC will stay the same. However, agent IC will disappear and an agent NIC in mode 0 will be born and replace it. Here, K1 is the immune death constant. nI1 and nPT1 are mentioned before in Equation (6):
If agent IC does not find a PT cell in its Moore neighborhood, it will continue walking randomly. Therefore, it will search for either an N cell or an empty space in its Moore neighborhood to move for the next iteration. Otherwise, agent IC will remain in its previous position. In the proposed model, the ability to recruit immune cells is considered as a function of successes and failures in the killing of tumor cells (Equation (8)), which means the direct internal interaction between two different types of agents:
The number of newborn immune cells = v À f ð Þ3 nPT=nT ð8Þ
where v and f are the numbers of successes and failures in killing tumor cells, respectively. If the number of newborn immune cells is positive, the recruitment of immune cells will happen. Therefore, some random empty places (agents NIC in mode 0) will be searched and replaced by immune cells. The number of cells searching for these empty places is the same as the number of newborn immune cells in Equation (8) .
It is important to note that we implement short distance or contact-dependent (cells will only signal other cells they have physical contact with) communication as the biological communication system in this model.
Simulation design
Firstly, consider a 2D (L 3 L) tissue composed of two agents with their special different modes denoted by NIC and IC. Figure 3 shows a block diagram of the connection of these agents in the tissue and cellular levels in general. This figure shows although both agents NIC and IC are considered separately in the tissue level, they are not separated at the cellular level. In fact, the entire tissue is covered with healthy cells of agent NIC, which means agent NIC is in state 0. In addition, a few numbers of agents IC are deployed in a corner of the lattice.
Then, a few cells within a fixed initial radius of the center of the lattice are designated proliferative. Therefore, their state will change from 0 to 1 in agent NIC. Tables 2  and 3 , respectively, show the variables and parameters used in the model, with their initial values. Initial probability of ratio of nonmutant cells to mutant cells The internal interactions of a single agent model are considered for studying the presence or absence of agent IC (the immune system). The results, discussed in the next section, have been reported assuming a = 0.42, b = 0.11, and R max = 37.5, where R max is the maximum radius of a brain tumor and is extracted from the articles by Torquato 9 and Kansal. 19 Parameters a and b are chosen to fit the tumor growth procedure in the terms of quality. 9, 19 In addition, periodic boundary conditions are implemented for the random walks of the cells.
Results
Firstly, the results of a single agent model (agent NIC) and the effect of input parameters on the output parameters generated by the proposed model are reported. The numbers of different modes of agent NIC containing proliferating, non-proliferating, and necrotic cells in 100 time iterations and before the immune system even starts to recognize cancer cells is shown in Figure 4 . As can be seen, due to the lack of nutrients (shown by the lack of free space in the neighborhood in the proposed model) in an avascular tumor, the number of necrotic cells will increase aggressively and reach 1900 cells during simulation. Meanwhile, the number of PT cells that have exponentially increased at an early stage of cancer development will decrease and reach a limit of 450 cells. Intuitively, Figure  4 shows that PT cells follow Gompertzian growth dynamics. Central cross-sections of the tumor are considered as outputs of our simulations to show the spatial distribution of tumor growth over time. Figure 5 shows the changes in the average radius of the external edge of the tumor, the radius of the necrotic core, growth fraction, and the necrotic fraction in each iteration. The growth fraction is the ratio of the number of proliferative cells to the number of whole tumor, cells while the necrotic fraction is the ratio of the number of necrotic cells to the number of whole tumorous cells. This figure provides supporting evidence that shows growth-limitation due to a lack of nutrients in avascular tumor. As can be seen, because of the loss of nutrients, the growth fraction decreases to 0 and the necrotic fraction increases to 0.9. Figure 6 shows the rate of change of different types of agent NIC in mode 1: mutant and non-mutant proliferating tumor cells. It should be mentioned that at the beginning, we considered 20% of our PT cells as non-mutant ones (i.e., Nmm = 0.2). As the figure depicts, the number of mutant PT cells almost linearly increases since these PT cells precede mitosis without considering the effects of the tumor microenvironment. However, the number of non-mutant PT cells tends to increase through Gompertz growth dynamic and reaches 11.5% of the number of total PT cells. Due to the influence of the tumor microenvironment on the non-mutant PT cells, the smaller the number of empty spaces in the neighborhood of a parent cell, the less proliferation happens. Figure 7 shows the changes of different modes of agent NIC (all types of PT cells, NT and Ne cells) against Nmm. Moreover, Figure 8 depicts the effect of Nmm on the growth and necrotic fraction. As can be seen, the changes in Nmm value do not show any significant difference in the appearance of the figures, while there are no immune cells in the studied tissue. Figure 9 shows the effect of changing Nmm values on the ratio of mutant PT cells to non-mutant PT cells in each iteration. It can be seen that this ratio will initially rise over time and then, at the end of the simulation, it will reach the mean value of 9 as a saturation value. In addition, regardless of the different initial probability values of this ratio, the temporal ratio changes will approximately follow the same dynamic.
In the following, parts of the results of the existence of immune cells next to the agent NIC are reported. Figure 10 represents the entrance and movement of agent IC (immune cells) toward the tumor, the interaction between two agents NIC and IC (i.e., immune cells and tumor cells), and immune cell recruitment as the tumor grows. It shows the nonlinear increase in the number of immune cells in the studied tissue due to their triumph of killing tumor cells. Figure 11 shows the number of different modes of agent NIC (proliferating tumor cells, non-proliferating tumor cells, necrotic cells), and the number of agent IC (immune cells) during the simulation when Nmm = 0.9. It is obvious from this figure that the number of immune cells is enhanced due to recruitment. In fact, the immune cells and the process of their recruitment are modeled to destroy a mass of tumor as an anti-tumor mode rather than helping grow the mass. The total tumor cells occupy 25% of the tissue, while it was 28% in the absence of agent IC, which shows a 89% decrease in the size of the tumor in the presence of immune cells. Figure 12 depicts the effect of changing the values of Nmm from 0 to 1 in 0.1 increments. As expected, the agent IC that arrives at the system with some delay leads to a reduction of the number of PT cells compared to Figure 7 . It is also observed that the slopes of the last curves and the final values of the number of immune cells can change by varying the value of the Nmm-parameter. This shows how the microenvironment affects the proliferation of cancer cells and how these cancer cells affect the rest of the system, especially the number of immune cells. However, there are no significant changes in the number of other types of cells when varying this parameter.
The rate of change of the average radius of the tumor and necrotic core, the growth fraction, and necrotic fraction are shown in Figure 13 . It can be seen that the tumor growth stops in a radius less than the maximum tumor extent (R max ). In addition, the presence of the immune system in the tissue leads to a decrease in changing the state of agent NIC from PT cells to NT cells and eventually NT to Ne cells by killing the PT cells. Therefore, in this case, it will affect the necrotic fraction to 0.7 but there is no significant change in the ultimate value of the growth fraction. However, reducing the growth fraction after the arrival of the immune system begins a little earlier than the situation in which the immune system is not considered in the model. Figure 14 shows the variation of the ratio of mutant PT cells to non-mutant PT cells due to the changes of Nmm after entering the immune cells. There is no certain change observed compared to the results of Figure 9 . The only difference is in the average saturation value, which increases to 13. In other words, after adding agent IC to the model and considering its effects, the ratio of mutant PT cells to non-mutant PT cells is 1.44 times higher than the results reported for simulating a single agent model. Besides, the increasing slope of the variation of the ratio of mutant PT cells to non-mutant PT cells in this figure is more than that in Figure 9 .
The effect of different Nmm on the number of various types of cells, the radii of the tumor and necrotic core, the growth fraction and necrotic fraction, and the ratio of nonmutant PT cells to mutant PT cells at two arbitrary simulation times, 20 and 50, are shown in Figure 15 . It can be seen that changes in Nmm lead to changes in the number of PT and NT cells in both simulation times. Small changes in the number of immune cells are also seen at t = 50. It seems that the radii of the tumor and necrotic core are affected by the changes of Nmm. However, the growth and necrotic fractions are not dependent on the changes of this parameter. Eventually, as expected, the ratio of non-mutant PT cells to mutant PT cells is strongly influenced by Nmm variations. Figure 16 shows the effects of the tumor death constant due to the immune system (K0), while Figure 17 represents the effect of the immune cells death constant due to the immune system (K1). As expected, a significant difference in the number of immune cells can be seen in these two figures. In Figure 16 , the maximum of K0 shows the maximum number of immune cells during simulation. However, the maximum of K1 leads to the complete destruction of immune cells. Therefore, the increase of K1 will decrease the anti-tumor behavior of the immune system. In this case, the recruitment process will not occur, since this process is directly related to the success in killing tumor cells. Figure 18 shows the entrance and movement of agent IC toward the tumor, and the interaction between two agents NIC and IC, that is, immune cells and tumor cells when Nmm = 0.2. This shows how the microenvironment affects the proliferation of cancer cells, and how these cancer cells affect the rest of the system, especially the amount of recruitment of immune cells. Comparing this figure with Figure 10 represents the effect of Nmm, which shows the indirect effect of the microenvironment on the number of immune cells entering the studied tissue. It also affects the quality of the tumor-immune interaction. At small values of Nmm, although some cells of the immune system can recognize cancer cells as abnormal and kill them, the response might not be strong enough to destroy cancer.
Since the immune cells failed to kill tumor cells in this case, no extra immune cell would be recalled in the studied tissue. The tumor grows unlimitedly in tissue regardless of the existence of immune cells, and the number of immune cells in the studied tissue will temporarily decrease. This may show the immune system's deficiency, which may be caused by different microenvironmental factors, for example HIV infection, 44 leading to increased risk of developing different kinds of cancer.
The effect of hypoxia is also introduced by using Nmm as the initial ratio of the number of non-mutant PT cells to mutant PT cells. Therefore, the lower the Nmm, the more hypoxia effects are shown in our model. On the other hand, it is proven that lower levels of physiological oxygen concentrations or hypoxia affect the HIV-1 transcription and replication. 45 In fact, this astonishing result of the present model is similar to the results reported in the literature as the first evidence that HIV-1 is inhibited at hypoxia. 45 Therefore, the proposed model can be extended in order to study the situation in which a patient with HIV infection suffers from cancer in a more realistic way. Figure 19 shows the volume of the developing tumor in comparison with a set of tumor xenograft experiments. 46 The tumor volumes are normalized by dividing by the maximum tumor volume at the end of the simulations/ experiments for simplicity. The simulations are run using Figure 19 . The tumor volume of the developing tumor versus time. The blue dashed line corresponds to the simulation result using the parameters set given in the text. The green plotted circles reflect the in vivo results derived from the medical literature. 46 5-hour time steps. The circles are experimental data collected from male nude BALB/c mice between the ages of 6 and 8 weeks obtained from Vital River Laboratories (VRL; Beijing, China). Tumors were established by the subcutaneous injection of 5 3 10 6 TFK-1 cells into the flanks of the mice. 46 The dashed line indicates the result of the present model. Although our results do not give the best fit to the experimental data, they still show the same growth dynamics.
Conclusion
One of the significant goals of introducing and implementing a mathematical and computational model is to find new methods for the prevention or treatment of tumors. Studying and predicting phenomena that seem impossible to evaluate in tumor growth or avoiding spending a lot of time and money can be easily done with the help of these models. In the present paper, a new stochastic agent-based model of a solid tumor growth is introduced. The effect of the immune system and tumor-immune interaction are considered. Moreover, the effect of the hypoxia phenomenon that is the low concentration of oxygen in the tumor microenvironment is considered. For considering the effect of the microenvironment and hypoxia, two types of proliferating tumor cells are assumed in the model, namely mutant and non-mutant PT cells. The probability of nonmutant proliferating cells is influenced by environmental conditions, since it is dependent on the number of empty spaces in the Moore neighborhood. In fact, the smaller the number of cells in the neighborhood of a cell, the smaller the consumption of the oxygen and, therefore, the more likely the division of these cells is.
Compelling evidence suggests that immune cells play an important role in the control of malignancy. 47 Therefore, entering the effect of the immune system adds more physiological details to the model. Considering the novel entrance of the immune cells to the studied tissue, their special movement toward the necrotic core, and the recruitment of immune cells are some novelties of the proposed model. Immune cells appear in the tissue immediately after receiving signals from the tumor cells. In this case, the immune cells move toward the source of signal transmitters, which have been growing considerably so far. When the proportion of proliferating tumor cells to necrotic cells reaches a certain value, the immune cells move randomly to seek tumor cells. Finally, the immune cells may die with a specific probability when they meet tumor cells. The recruiting of immune cells is another assumption proposed in this model. In fact, the more successful are the immune cells in killing the tumor cells and the less failure they face, the more they enter into the tissue to contribute to the destruction of tumor growth.
The discrete nature of the model enables us to simulate complex situations directly with only small changes in the physiological parameters of the model. The model can easily be extended or modified as new data becomes available or when different situations arise requiring the changes in cell behavior rules. In addition, the presence of the immune system that leads to early detection of tumor growth and the immune cell recruitment for surpassing foreign agents are the features of this model. Although, by taking a superficial glance at our model, one may conclude it shows the same results as some previous models, our model is more compatible with biological facts, since it can show the failure of the immune system, which may happen for example by HIV infection, which leads to a higher risk for developing several types of cancer. Besides, our results show the effect of the microenvironment on tumor growth and on the rest of the system, especially the immune system. In fact, the effect of hypoxia is modeled by introducing two different types of PT cells, and the Nmm-parameter as the initial ratio of the number of non-mutant to mutant PT cells. One of the outcomes of our model is that our results confirm the first evidence that HIV-1 is inhibited at hypoxia. Therefore, by extending the present model, we can study HIV-infected patients with concurrent cancer in a more realistic way.
Immune therapy-using the body's own immune system to fight cancer-is an effective cancer treatment. Hence, adding the effects of the immune system to the present model can significantly help better understand the immune therapy in future studies. In addition, the model can be developed to study metastasis, which is a very important phenomenon in malignant tumors. The development of the model to study the effects of therapy on the tumor growth is the authors' future goal. In addition, considering that the immune system may help the tumor grow rather than having anti-tumor effects can also help us improve the recruitment process. Therefore, the results of the model will be more realistic compared to physiological findings.
